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Purpose:  To identify the role of radiomics texture features both within and outside the nodule in predicting (a) time to progression 
(TTP) and overall survival (OS) as well as (b) response to chemotherapy in patients with non–small cell lung cancer (NSCLC).

Materials and Methods:  Data in a total of 125 patients who had been treated with pemetrexed-based platinum doublet chemo-
therapy at Cleveland Clinic were retrospectively analyzed. The patients were divided randomly into two sets with the constraint that 
there were an equal number of responders and nonresponders in the training set. The training set comprised 53 patients with NSCLC, 
and the validation set comprised 72 patients. A machine learning classifier trained with radiomic texture features extracted from intra- 
and peritumoral regions of non–contrast-enhanced CT images was used to predict response to chemotherapy. The radiomic risk-score 
signature was generated by using least absolute shrinkage and selection operator with the Cox regression model; association of the ra-
diomic signature with TTP and OS was also evaluated.

Results:  A combination of radiomic features in conjunction with a quadratic discriminant analysis classifier yielded a mean maximum 
area under the receiver operating characteristic curve (AUC) of 0.82 ± 0.09 (standard deviation) in the training set and a corresponding 
AUC of 0.77 in the independent testing set. The radiomics signature was also significantly associated with TTP (hazard ratio [HR], 
2.8; 95% confidence interval [CI]: 1.95, 4.00; P < .0001) and OS (HR, 2.35; 95% CI: 1.41, 3.94; P = .0011). Additionally, decision 
curve analysis demonstrated that in terms of clinical usefulness, the radiomics signature had a higher overall net benefit in prediction of 
high-risk patients to receive treatment than the clinicopathologic measurements.

Conclusion:  This study suggests that radiomic texture features extracted from within and around the nodule on baseline CT scans are 
(a) predictive of response to chemotherapy and (b) associated with TTP and OS for patients with NSCLC.

© RSNA, 2019

Supplemental material is available for this article.

Platinum-based chemotherapy is the standard of care for 
first-line treatment of advanced-stage non–small cell 

lung cancer (NSCLC) in patients with no actionable mu-
tations. However, objective response rate to this therapeu-
tic regimen as initial treatment is only around 24%–31% 
(1–4). Previous studies have explored the role of biomark-
ers in predicting response to platinum-based chemotherapy 
regimens, but the results have been inconclusive. Friboulet 
et al (5) studied the excision repair cross-complementation 
group 1 (ERCC1) protein as a biomarker for predicting 
response to platinum-based chemotherapy. However, 
the study could not validate ERCC1 as a biomarker in 

predicting response to lung cancer chemotherapy. Similar-
ly, the role of thymidylate synthase (TMYS) expression was 
evaluated and found to be correlated with poor response to 
pemetrexed-based chemotherapy regimens (6). However, 
the predictive power of TMYS still needs to be validated 
in prospective studies. Consequently, currently no clini-
cally validated biomarkers exist to identify patients with 
NSCLC who would most benefit from platinum doublet 
chemotherapy regimens.

CT studies represent a routinely used clinical diagnos-
tic tool for tumor staging and monitoring treatment re-
sponse. Radiomic textural analysis is the high-throughput 
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patients with lung adenocarcinoma (TNM stage IIIb or IV) 
who were treated with front-line platinum-based chemo-
therapy between January 1, 1998, and December 21, 2010, 
were retrospectively identified. Of these 243 patients, 53 were 
excluded either because their corresponding CT images (ob-
tained < 30 days before initiation of chemotherapy) could 
not be located or did not show evaluable thoracic lesions. A 
further 65 patients in whom response data after four cycles 
of chemotherapy were not available or who did not meet the 
inclusion criteria for clinical responders or nonresponders 
were excluded as well. Figure 1 shows patient selection and 
the overall experimental design of our study. For this study, 
clinical responders were defined as patients who experienced 
objective response (partial response or complete response) 
according to Response Evaluation Criteria in Solid Tumors 
(RECIST) 1 or patients who had stable disease for more than 
12 cycles of chemotherapy. Patients who did not receive che-
motherapy for more than four cycles because of progression 
of disease were classified as nonresponders. The entire cohort 
of 125 patients was divided into a training set, comprising 
53 patients (26 responders and 27 nonresponders) and a 
validation set, comprising 72 patients (38 responders and 34 
nonresponders).

Clinical End Points
The primary end point of our study was primary response, de-
fined according to RECIST. The secondary end point was time 
to progression (TTP). TTP was defined as the date of the start 
of treatment until the detection of progressive disease or death, 
whichever occurred earlier, and was censored at the date of last 
follow-up for those alive without progression. Overall survival 
(OS) was analyzed as a tertiary end point and was measured 
from the date of diagnosis to the date of death and was cen-
sored at the date of last follow-up for survivors.

Clinical Variables
Eastern Cooperative Oncology Group performance status and 
TNM stage according to the American Joint Committee on 
Cancer staging system were used in this study. Clinical staging 
(eg, stage I, II, III [A or B], and IV) according to the Union for 
International Cancer Control 7th classification and tumor his-
tologic typing (adenocarcinoma or squamous cell carcinoma) 
were performed.

CT Segmentation
The index lesion was independently annotated by three board-
certified attending radiologists (K.B., R.T., and P.R.) with 10, 
21, and 28 years of experience, respectively, in cardiothoracic 
imaging. The readers were blinded to the true histopathologic 
diagnosis of the tumor as well as to the associated outcome. 
The peritumoral compartment around the nodule was defined 
by means of quantitative morphologic operations (dilation) as 
a region extending radially from the nodule boundary up to 
roughly 15 mm. The choice of peritumoral compartment size 
was determined on the basis of the findings in the study of 
Mohiuddin et al (16), in which a resection margin for lung 

extraction of quantitative imaging data and has been variously 
studied in its role to predict response to chemotherapy in pa-
tients with breast cancer and patients with NSCLC (7–12).

Recently, there has been an increasing interest in radiomic 
interrogation of the peritumoral region—the area immediately 
surrounding the tumor mass—the rationale being that the tumor 
microenvironment and habitat might harbor valuable disease-
specific prognostic cues. A study by Zhang et al (13) showed that 
peritumoral lymphatic microvessel density was correlated with 
poor prognosis in NSCLC. Another study by Parra et al (14) re-
vealed that NSCLC histologic specimens had higher numbers of 
tumor-associated inflammatory cells (TAICs) in the peritumoral 
compartment than in the intratumoral region, while a higher 
number of TAICs was associated with improved recurrence-
free survival. Another recent investigation by Braman et al (15) 
showed that peritumoral radiomic features extracted from base-
line MRI studies in patients with breast cancer were predictive 
of pathologic complete response to neoadjuvant chemotherapy.

These findings, alongside the biologic evidence of the peritu-
moral region, brings up the question of whether the interroga-
tion of the peri- and intratumoral compartments of the tumor 
could help identify which patients with metastatic NSCLC are 
likely to respond to platinum-based chemotherapy. In this study, 
we sought to evaluate whether radiomic features pertaining to 
peritumoral and intratumoral texture and the shape of the nod-
ule on pretreatment CT images were predictive of response to 
platinum doublet chemotherapy.

Materials and Methods

Patient Selection
This Health Insurance Portability and Accountability Act–
compliant study protocol was approved by the Cleveland 
Clinic Institutional Review Board (IRB), and the require-
ment to obtain written informed consent was waived. Im-
aging examinations were subsequently performed according 
to an IRB-approved protocol (IRB #14-562). A total of 243 

Abbreviations
AUC = area under the receiver operating characteristic curve, CI = 
confidence interval, HR = hazard ratio, ICC = intraclass correlation 
coefficient, LASSO = least absolute shrinkage and selection opera-
tor, NSCLC = non–small cell lung cancer, OS = overall survival, 
QDA = quadratic discriminant analysis, RECIST = Response 
Evaluation Criteria in Solid Tumors, TTP = time to progression  

Summary
Quantitative imaging features from a baseline non–contrast-en-
hanced CT study derived from within the tumor and its associated 
tumor microenvironment were shown to be able to distinguish 
patients with non–small cell lung cancer who did from those who 
did not respond to pemetrexed-based chemotherapy.

Key Points
nn Radiomic features extracted from baseline CT images in patients 

with non–small cell lung cancer can predict response to peme-
trexed chemotherapy noninvasively.

nn Peritumoral texture features may reflect the microenvironment of 
tumor classes.
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Figure 1:  Flowchart shows strategy for patient selection and overall experimental design for this study.

class is not identical. The minimum redundancy maximum 
relevance feature selection approach (19) was used to identify 
the most discriminating of the set of stable and reproducible 
features identified from the training set; the features were rank 
ordered in terms of discriminability across 100 iterations of 
threefold cross validation. Features were ranked by frequency 
of selection, and the bottom 90% of features were eliminated. 
According to the Harrell guideline (20), the number of events 
should exceed the number of features by an order of 10, and 
so the number of selected features was restricted to seven. The 
performance of the classifier was evaluated by using the area 
under the receiver operating characteristic curve (AUC). The 
trained classifier was subsequently evaluated on the indepen-
dent testing set. A consensus clustering approach was also used 
to determine the number and affiliation of possible clusters 
within the patient studies in the training group. Differences 
between clinical categories were assessed by using the Fisher 
exact test and a two-sided Wilcoxon test for categorical and 
continuous variables, respectively. With CT studies having a 
wide range of section thicknesses (1–5 mm), the impact of 
section thickness on the performance of the classifier was also 
evaluated.

To build the multivariate radiomic signature for TTP and 
OS, the least absolute shrinkage and selection operator (LASSO) 
Cox regression model, which is suitable for the regression of high-
dimensional data (21), was used to identify the most prognostic 
features from the set of stable and reproducible features identified 
in the training set. The LASSO method places a constraint on the 
sum of the absolute values of the model parameters (coefficients) 
so that it is less than a tuning parameter λ. This involves penal-
izing the coefficients of the regression variables, reducing some of 

nodules of more than 15 mm was found not to confer addi-
tional benefit in terms of disease recurrence.

Radiomic Feature Extraction and Feature Reduction
For all the two-dimensional sections (annotated by a radiolo-
gist [R.T.] with 21 years of experience) that included the vol-
ume of the nodule, features were extracted on a section-by-
section basis. The first-order statistics of each of the features 
were then computed over all the pixels and sections containing 
the nodule. All features were extracted from within the intra- 
and peritumoral compartments of the tumor (17). A detailed 
summary description of the radiomic features is given in Table 
E1 (supplement).

To construct generalizable classifiers, we needed to identify 
features that were predictive, stable, and reproducible. To do 
this, we evaluated features in the context of the test-retest Refer-
ence Image Database to Evaluate Response, or RIDER, lung CT 
dataset (18). For each radiomic feature, the intraclass correla-
tion coefficient (ICC) was calculated to quantify reproducibility 
between the test-retest scans. In this study, on the basis of previ-
ous reports (11), we considered an ICC of 0.8 or greater as the 
threshold for a feature being reproducible. Among all features 
identified as being reproducible, those that were identified as un-
stable between contoured lesions by the three radiologists (K.B., 
R.T., and P.R.) (based on an ICC < 0.8) were filtered out.

Statistical Analysis
A quadratic discriminant analysis (QDA) was used to evalu-
ate the ability of the radiomic features to predict response. 
The QDA classifier generates nonlinear class boundaries (ie, 
quadratic patterns) while assuming that the covariance of each 
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assess the effect of contour variability on subsequent feature 
analysis and response prediction. The Dice coefficient was cal-
culated for comparing the lesion segmentations from the three 
radiologists. Additionally, over– and under–lesion segmenta-
tion errors were also calculated.

Results

Demographic and Clinical Characteristics
Demographic and clinical characteristics of the 125 patients 
are given in Table 1.

Feature Analysis
A total of 1542 features were extracted from each CT scan, 
with 1172 (76%) identified as being highly reproducible on 
the basis of the ICC of greater than 0.8 threshold. From among 
these 1172 reproducible features, we considered 404 (34%) to 
be stable among all three readers on the basis of an ICC of 
greater than 0.8.

Machine-based Clustering and Classification
The top seven radiomic features identified during feature discov-
ery within the training set included three intratumoral texture 
features (Gabor, Laws level-ripple, Laws wave-ripple), two peri-
tumoral texture features (Gabor, Laws spot-wave), and one shape 

them to zero. During the feature 
selection process, the variables that 
still have nonzero coefficients after 
the shrinkage will be included as 
part of the model. The λ selec-
tion strategy was based on a 100-
fold cross-validation approach 
involving minimum criteria (by 
using glmnet package in R, ver-
sion 3.1.3). The imaging features 
with nonzero coefficients were 
then combined into a radiomics 
signature. A risk score was com-
puted for each patient according 
to a linear combination of selected 
features with corresponding co-
efficients from the LASSO Cox 
model in the training set. The ra-
diomics risk score was first evalu-
ated in the training set and then 
subsequently validated in the test-
ing set by using Kaplan-Meier sur-
vival analysis (by using survfit and 
coxph functions, respectively, in R, 
version 3.1.3). The patients were 
stratified into high-risk or low-
risk groups on the basis of the risk 
score, while the threshold for risk 
score was selected in a way that 
maximized the χ2 score between 
the two groups of patients in the 
training set (by using X-tile [22]). A decision curve analysis was 
used to determine the clinical usefulness of the radiomics signature 
in predicting TTP by evaluating the net benefit of high-risk pa-
tients receiving treatment at different threshold probabilities (23). 
Net benefit was defined as the summation of benefits minus loss 
results (false-positive findings) weighted by a factor related to the 
relative harm of not identifying a high-risk patient who might go 
on to have disease progression versus the relative harm of subject-
ing a lower-risk patient to more aggressive therapy when the more 
intense therapy was not needed.

Evaluation of the multifeature-based radiomics signature as 
an independent biomarker was performed by integrating the 
following clinical-pathologic risk factors into the multivariable 
Cox proportional hazards model: TNM stage (I, II, III, or IV), 
histologic grade (adenocarcinoma or squamous), sex (female or 
male), age, and smoking status (former or never).

Finally, the Cox proportional hazards model was used to cal-
culate hazard ratios (HRs) for the radiomic risk score in multi-
variate analysis. In addition, 95% confidence intervals (CIs) and 
relative HRs were calculated by using the Wald test and the G-ρ 
rank test, respectively.

Segmentation Performance Comparison against 
Readers
The performance of the classifier on the basis of the lesion 
annotations of the three radiologist readers was compared to 

Table 1: Demographic and Clinical Characteristics of the 125 Patients, Categorized 
according to Responders and Nonresponders

Characteristic
All Patients  
(n = 125)

Responders  
(n = 64)

Nonresponders 
(n = 61) P Value

Sex .85
  Male 65 (52) 34 (53) 31 (51)
  Female 60 (48) 30 (47) 30 (49)
Age at diagnosis (y)* 63 (33–89) 63 (38–89) 63 (33–89)
Race .83
  White 95 (76) 48 (75) 47 (77)
  Black 30 (24) 16 (25) 14 (23)
Smoking status .34
  Never smoked 21 (17) 13 (20) 8 (13)
  Former or current smoker 104 (83) 51 (80) 53 (87)
Histologic diagnosis .42
  Adenocarcinoma (metastatic and 

nonmetastatic)
99 (79) 52 (81) 47 (77)

  Squamous cell carcinoma 12 (10) 7 (11) 5 (8)
  Other 14 (11) 5 (8) 9 (15)
Stage .94
  I 5 (4) 2 (3) 3 (5)
  II 4 (3) 2 (3) 2 (3)
  III (A and B) 32 (26) 16 (25) 16 (26)
  IV 84 (67) 44 (69) 40 (66)

Note.—Unless otherwise specified, data are numbers of patients, with percentages in parentheses.
* Data are medians, with ranges in parentheses.
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and the median TTP was 2 months. There was no significant 
difference in TTP between the training and validation sets (P 
=.99). Figure E1 (supplement) shows the Kaplan-Meier curves 
related to TTP rate for five clinical-pathologic parameters. Sex 
(male vs female) was the only clinical characteristic found to 
be significantly associated with TTP; TTP values were sig-
nificantly lower in male patients than in female patients (P = 
.028). No significant association was found for race (P = .71), 
smoking status (P =.09), histologic findings (P = .055), or stage 
of cancer at time of diagnosis (P = .11).

All those features with a nonzero coefficient in the LASSO 
Cox regression model were used in constructing the radiomics 
risk-score signature. The radiomic risk score was calculated by 

(compactness) feature. The average and the variance of ICC for 
the selected features was 0.87 ± 0.017. Figure 2, A shows a heat 
map and dendrogram of the top seven discriminating features 
for responders and nonresponders in the training set.

Figure 2, B shows the clustering response obtained with a 
combination of features. The two clusters corresponded to 
groups with a plurality of responders (77%) and nonresponders 
(78%), respectively.

The combination of the top seven discriminating features 
with a QDA classifier yielded a maximum AUC of 0.82 ± 0.09 
in the training set. The trained QDA classifier was then evalu-
ated in an independent validation set and resulted in an AUC of 
0.77, an accuracy of 0.77, and a precision of 0.90 (P = .0001).

Table 2 also shows the performance of the model in terms of 
AUC mapped out as a function of section thickness in the test set.

The distribution statistics of the Laws and Gabor features, as 
captured by kurtosis and skewness, were found to be different be-
tween lesions that did and lesions that did not respond to chemo-
therapy. Figure 3 suggests the presence of a higher textural pattern 
disorder or heterogeneity within and around lesions on CT images 
in nonresponders as compared with lesions in responders.

TTP Analysis
The progression rate after surgery was 24%, the mean duration 
of progression after the first-line treatment was 11.15 months, 

Figure 2:  A, Heat map and dendrogram of the top seven discriminating features for responders and nonresponders in the training 
set. X axis = features selected by the feature selection method. Y axis = the training set of patients (n = 53). Colors represent feature 
values normalized between [0,1]. A number of identified features showed significant differential expression between the responders 
and nonresponders for the patients in the training set. B, Matrix shows consensus clustering achieved through a combination of the top 
seven selected features. A total of 77% of the patients in cluster 1 were responders, and 23% were nonresponders. On the other hand, 
78% of the patients in cluster 2 were nonresponders, with 22% of the patients being responders.

Table 2: Performance of Model in AUCs Mapped out 
as a Function of Section Thickness in the Test Set

Section Thickness Criterion No. of Studies AUC

<1.5 mm 29 0.80
Between 1.5 and 5 mm 21 0.75

Note.—As can be observed, the areas under the receiver operat-
ing characteristic curves (AUCs) for the radiomic features 
decrease slightly with increasing section thickness. 
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a linear combination of the top eight selected 
features with corresponding coefficients. This 
signature comprised the intratumoral Laws E5 
× L5 features, the intratumoral Laws E5 × E5 
features, the intratumoral Laws S5 × R5 fea-
tures, the intratumoral Laws W5 × L5 features, 
the peritumoral Laws S5 × W5 features, and 
the peritumoral Laws S5 × S5 features. The 
combination of these features yielded a concor-
dance index (C-index) of 0.86 and a Wald P < 
.0001 in the training set.

The optimum cutoff value for the radiomic 
risk-score signature was found to be 0.1, and 
patients were stratified into high- and a low-
risk groups on the basis of this value. The ra-
diomics signature was found to be significantly 
associated with TTP in the training dataset 
(HR, 2.8; 95% CI: 1.95, 4.00; P <.0001). The 
radiomics signature was also significantly asso-
ciated with TTP in the validation dataset (HR, 
2.17; 95% CI: 1.41, 5.18; P <.0001). Figure 4 
shows Kaplan-Meier analyses according to the 
radiomics signature for patients in the training 
set (Fig 4, A) and validation dataset (Fig 4, B).

A multivariate Cox regression analysis iden-
tified the radiomics signature as an indepen-
dent risk factor in TTP (radiomics signature 
risk score: HR, 2.65, 95% CI: 1.66, 4.24, P 
<.0001; clinical stage: HR, 1.72, 95% CI: 
0.7532, 3.948, P =.19; histologic grade: HR, 
1.14, 95% CI: 0.48, 2.749, P =.75; sex: HR, 
0.6, 95% CI: 0.31, 1.16, P =.133; and age: 
HR, 1.00, 95% CI: 0.96, 1.04, P =.82).

Additionally, a decision curve analysis 
showed that the radiomics risk-score signature 
had a higher overall net benefit in predicting high-risk patients 
for receiving treatment than the clinical-pathologic measure-
ments across a number of threshold probability values (Fig 4, C).

OS Analysis
The median follow-up for all 125 patients was 24 months 
(1–120). Figure E2 (supplement) shows the OS Kaplan-Meier 
curves for five clinical-pathologic parameters and the results of 
survival analysis. Smoking status (smoker vs never smoker; P 
=.0025), stage of cancer at time of diagnosis (stage III vs stage 
IV; P =.0038), and race (white vs black; P =.044) were three 
independent clinical characteristics that were found to be sig-
nificantly associated with OS; no other difference was found 
for either sex (P =.18) or histologic findings (P =.056).

Again, the radiomic risk score associated with OS was calcu-
lated by means of a linear combination of the top four LASSO-
selected features. This signature comprised the intratumoral 
Haralick correlation, Haralick diff_entropy, and intratumoral 
Collage diff_entropy features. The combination of these features 
yielded a C-index of 0.71 and Wald P =.0011 in the training set.

Patients were divided into those with high risk and those 
with low risk on the basis of an optimum cutoff risk score. The 

radiomics signature was associated with OS in the training data-
set (HR, 2.35; 95% CI: 1.41, 3.94; P =.0011). Figure 5 shows 
OS Kaplan-Meier analyses according to the radiomics signature 
risk score for patients in the training set (Fig 5, A; P = .0004) and 
patients in the validation dataset (Fig 5, B; P =.0041).

A multivariate Cox regression analysis identified the ra-
diomics signature and smoking status (former smoker vs never 
smoker) as independent risk factors for OS (radiomics signature 
risk score: HR, 2.36, 95% CI: 1.32, 4.21, P =.0035; smoking 
status: HR, 0.26, 95% CI: 0.075, 0.916, P =.036). The combi-
nation of the radiomic risk score and smoking status increased 
the C-index from 0.71 to 0.77 in the training dataset. A mul-
tivariate Cox regression analysis in the validation set yielded a 
C-index of 0.72 and identified the radiomics signature risk score 
as an independent risk factor for OS (HR, 1.89; 95% CI: 1.11, 
5.16; P =.0078).

Comparison of Segmentation Performance among 
Readers
The results of interreader agreement in terms of Dice similar-
ity coefficients and over- and under-segmentation errors ( ,  

) are summarized in Table 3. Figure 6 shows interreader-

Figure 3:  Radiomic feature maps show differences between lesions in responders 
and lesions in nonresponders at pretreatment CT. There appears to be overexpres-
sion of radiomic features (A, peritumoral Gabor and, B, intratumoral Laws features) 
in the nonresponder lesion compared with the responder lesion. The distribution 
of the features shows significant differences between the two lesion categories; 
these differences are captured by the skewness and kurtosis statistics of the feature 
distribution.
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and outside the lung nodule, along with the shape of the nodule, 
on baseline noncontrast CT scans.

A number of recent studies have explored the role of radiomic 
features for distinguishing responders to chemotherapy from 
nonresponders and for predicting response to radiation therapy 
on the basis of CT images, with most of these studies focusing 
on NSCLC. For instance, Coroller et al (28) showed that ra-
diomic measurements extracted from pretreatment baseline CT 
images of the primary tumor and lymph nodes in NSCLC were 
predictive of pathologic complete response (pCR) after neoad-
juvant chemotherapy and radiation therapy and before surgery 
with an AUC of 0.67 in a cohort of 85 patients. In another study 
by Coroller et al (11), the authors showed that high-frequency 
wavelet texture features extracted from the primary tumor were 
significantly predictive of pCR (AUC, 0.63) for 127 patients 
with stage II or III NSCLC treated with radiation and chemo-
therapy. Fave and colleagues (12) evaluated the role of radiomic 
texture features between baseline and weekly posttreatment 
four-dimensional CT scans in predicting OS compared with a 
model that used only clinical- and pretreatment-based radiomic 

Figure 4:  Kaplan-Meier survival analyses according 
to the radiomics signature risk-score for patients in, A, 
the training dataset and, B, the test set. A significant 
association of the radiomics signature with the time-
to-progression (TTP) rate was shown in the training 
dataset (P < .0001), which was then confirmed in 
the validation dataset (P < .0001). C, Decision curve 
analysis for each model. The radiomics model had 
the highest net benefit in predicting which high-risk 
patients should receive treatment, as compared with 
a clinicopathologic model and simple strategies such 
as follow-up of all patients or no patients. This analysis 
was performed across the full range of threshold 
probabilities at which a patient would be selected to 
undergo follow-up imaging.

specific Dice values for 20 studies. Note that the Dice val-
ues between two readers are averaged and then plotted in 
Figure 6. The performance of the QDA classifier was also 
evaluated on three sets of annotated CT scans by the three 
radiologists.

For CT studies annotated by reader 1 (R.T.), the classifier 
yielded an AUC of 0.82 for the training set and 0.77 for the 
independent validation set. For CT studies annotated by reader 
2 (K.B.), the AUC for the training set was 0.82, while the AUC 
was 0.76 for the validation set. Finally, for CT studies annotated 
by reader 3 (P.R.), the corresponding training and validation set 
AUCs were 0.82 and 0.78, respectively.

Discussion
Despite recent advances in treatment options for patients with 
metastatic NSCLC, the reported outcomes and survival are de-
cidedly modest (24–27). Platinum-based doublet chemother-
apy is the current clinical standard treatment for patients with 
metastatic NSCLC without actionable genomic alterations or 
high PD-L1 expression. However, only 25% of patients ben-
efit from chemotherapy. Unfortunately, there are currently no 
clinically validated biomarkers that enable identification of pa-
tients who can benefit from chemotherapy.

Our aim in this study was to determine whether an early pre-
diction of response to chemotherapy is possible by using com-
puter-extracted measurements of heterogeneity patterns within 
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features. Most of the studies in this space were 
limited by the lack of an independent holdout 
set to validate the radiomic measurements.

Despite the large number of studies in the 
CT-radiomics space, the immediate surround-
ing tumor area, or the peritumoral region, has 
remained relatively unexplored. One of the 
primary objectives of this study was to use ra-
diomic-based interrogation of peritumoral pat-
terns on noncontrast CT images for stratifying 
responders to platinum-based chemotherapy 
from nonresponders. Additionally, we also 
showed that a combination of texture radiomic features extracted 
from immediately within and outside the nodule on noncontrast 
CT images were significantly associated with OS and TTP. It has 
been shown that the heterogeneity of the tumor is a predictor of 
survival in patients with NSCLC (29,30). Although the reason 
is yet unclear, tumor heterogeneity, which in turn breeds tumor 
evolution, might be reflective of clonal dominance or genomic 
heterogeneity within the tumors (31). Intratumoral genetic het-
erogeneity also has been shown to be a leading contributor to 
therapeutic failure (32).

Our study revealed that the TTP values in tumoral region 
with higher peritumoral Laws texture features that capture peri-
tumoral vascular invasion and neovascularization were signifi-
cantly lower than those with lower peritumoral Laws feature (P 
< .0001). Previous studies have shown that the existence of ex-
tratumoral vascular invasion is a potential factor associated with 
distant metastasis and shorter recurrence-free survival time in 
NSCLC (33,34).

Our study showed that our radiomic signature, which may be 
capturing tumor heterogeneity, can also potentially help identify 
those patients who are at elevated risk for recurrence and who 
might benefit from more intensive observation and follow-up.

Our results showed clear evidence of the role of peritumoral 
texture patterns in predicting response and TTP after peme-
trexed chemotherapy. Even though we did not explicitly probe 
the morphologic or molecular basis for the identified peritumoral 

radiomic features, we can hypothesize on the basis of preexisting 
evidence that these patterns appear to reflect increased fibrotic 
content in chemotherapy-compliant tumors (35).

Another reason could also be that the radiomic features 
might be reflective of patterns relating to hypoxic tumors that 
are known to be chemotherapy resistant (36). Tumor hypoxia is 
one of the most important contributing factors in the evolution 
of chemotherapy resistance. Hypoxia-inducible factor 1 is pro-
duced in response to a hypoxic microenvironment that promotes 
neoangiogenesis and increases the metastatic potential of tumors 
and decreases responses to chemotherapy regimens (37). Hy-
poxic tumors, which suffer from oxygen deprivation, have been 
shown to be identified through texture analysis of the nodules 
on CT scans (38).

Tumor-infiltrating lymphocytes and tumor-associated mac-
rophages, which are abundant in the tumor microenvironment, 
drive responses to immune therapies and have been found to be 
crucially involved in lung cancer pathogenesis and progression, 
might also be captured by peritumoral textural features (39–42). 
Additionally, endothelial progenitor cells (EPCs), which may play 
a role in tumor angiogenesis and tumor neovascularization, may 
be reflected in the increasing radiomic feature intensity in the peri-
tumoral region in nonresponders. This seems to align with the fact 
that the level of EPCs is significantly increased in NSCLC, reduc-
ing a tumor’s accessibility to chemotherapeutic drugs and thereby 
diminishing the efficacy of chemotherapy (43,44).

Figure 5:  Kaplan-Meier survival analyses according to the radiomics signature for patients in, A, the training dataset 
and, B, the validation dataset. A significant association of the radiomics signature with overall survival was observed in 
the training dataset (P = .0004) and was then confirmed in the validation dataset (P = .0041).

Table 3: Interreader Agreement in Dice Similarity Coefficients and 
Over- and Under-Segmentation Errors for All 125 Patients

Comparison
Dice Similarity 
Coefficient

Reader 1 vs reader 2 0.80 ± 0.08 0.27 ± 0.13 0.36 ± 0.13
Reader 1 vs reader 3 0.82 ± 0.07 0.21 ± 0.15 0.35 ± 0.08
Reader 2 vs reader 3 0.87 ± 0.03 0.08 ± 0.01 0.31 ± 0.01

Note.—Data are means ± standard deviations.  = over-segmentation error,  = 
under-segmentation error.
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Our study had limitations. The cohort sample sizes were 
small, which limited our ability to perform extensive stratified 
analyses, such as looking at the correlation and association of 
molecular and mutational status of the tumors. In addition, 
standardization of imaging protocols, especially across different 
institutions, remains a challenge in imaging biomarker develop-
ment. Variability in the timing of image acquisition is an in-
herent issue in most retrospective imaging studies. We believe 
that this may not have substantially affected our current study. 
However, the single-institution design of our study generates the 
obvious question of the generalizability of the classifier. In ad-
dition, there is a dependency of the radiomic features on the 
manual annotation of the nodule, which we tried to address in 
part by using three readers and comparing their segmentation 
accuracy as a variable in the radiomic analysis.

The other limitation of this study was that the included 
patients with lung cancer had no actionable mutation and no 
PD-1/PD-L1 interaction scores. This raises a critical question 
in that beyond chemotherapy, there is no other viable clinical 
option to treat these patients. However, recent data from the 
KEYNOTE-189 trial in NSCLC demonstrated the benefit of 
chemotherapy and immunotherapy over chemotherapy alone. 
In light of these findings, there is an opportunity to refine sub-
groups of patients with NSCLC who may benefit from such 
an approach. Additionally, studies have rigorously and quanti-
tatively investigated the influence of acquisition parameters on 
radiomic features for characterization of CT lung nodules (45). 
Although our result is consistent with previous findings that ra-
diomic features derived from thin-section CT scans have better 
diagnostic performance than those derived from thick-section 
CT scans, we did not explicitly consider the influence of other 
parameters. We hope to address these limitations in future work.

In conclusion, quantitative imaging features from a base-
line noncontrast CT scan derived from within the tumor and 
its associated tumor microenvironment were shown to be 
able to distinguish patients with NSCLC who did respond to 

pemetrexed-based chemotherapy from those who did not. We 
also showed that baseline CT-derived tumor heterogeneity is as-
sociated with overall survival and time to progression in patients 
with NSCLC. Additional large-scale multisite validation needs 
to be performed before this radiomic model would be fit for 
clinical deployment.
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